Discovery Medicine 2025; 37(199): 1548—1558

Article https://doi.org/10.24976/Discov.Med.202537199.134

Translating Proteomic Profiles Into Therapeutic Targets:
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Background: Breast cancer remains one of the most commonly diagnosed malignancies, yet its underlying mechanisms are
incompletely understood. This study aimed to investigate the causal relationships between circulating proteins and breast cancer
using Mendelian Randomization (MR) and to identify potential therapeutic targets.

Methods: Genomic data for breast cancer from the FinnGen study and protein quantitative trait loci (pQTL) data from Decode
were analyzed. MR was applied to evaluate the effects of specific proteins on breast cancer risk, followed by validation through
colocalization analyses and summary-data-based Mendelian Randomization (SMR). Two-step MR was used to assess the medi-
ating role of immune cells in the causal pathway between the target proteins and breast cancer. Moreover, expression patterns
and prognostic significance of the identified proteins in breast cancer were examined.

Results: Several proteins [glutathione S-transferase mu (GSTM) 1, N-acylsphingosine amidohydrolase 2 (ASAH?2), TNF super-
family member 12 (TNFSF12), hematopoietic prostaglandin D synthase (HPGDS), nidogen 2 (NID2), SEMA4D, snurportin 1
(SNUPN), GSTM3, MYC-associated factor X (MAX), pregnancy zone protein (PZP), GSTM4, and uroporphyrinogen decar-
boxylase (UROD)] were significantly associated with breast cancer. Colocalization and SMR analyses supported the potential
role of GSTM in breast cancer, especially GSTM1 (psyr = 0.02 and puepr = 0.08). Mediation MR implicated CD11c-expressing
monocytes (Z = -2.197, p = 0.028) in the GSTM-breast cancer pathway. Notably, lower GSTM1/4 expression levels correlated
with poorer clinical outcomes in breast cancer patients.

Conclusion: This study used cis-pQTL MR and colocalization to identify GSTM1/4 as a potential druggable gene and promising
therapeutic target for breast cancer, which might be affected by immunity. These findings contributed to understanding the role

of metabolic and immune mechanisms in breast cancer.
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Introduction

Epidemiological evidence indicates that breast can-
cer persists as one of the most commonly diagnosed ma-
lignancies and remains the leading cause of cancer-related
mortality among women globally [1]. Despite advance-
ments in survival, outcomes still need to be improved, influ-
enced by heterogeneous clinical factors, biological diver-
sity, and variable therapeutic responses [2]. Current treat-
ment is primarily based on a comprehensive assessment
of tumor characteristics, including T stage, metastatic sta-
tus, and biomarkers such as estrogen receptor (ER), proges-
terone receptor (PR), and human epidermal growth factor
receptor 2 (HER2). However, significant challenges, in-
cluding therapeutic resistance, remain unresolved, primar-
ily undermining clinical efficacy, increasing tumor recur-
rence and metastasis, and ultimately raising mortality [3].
With innovations in experimental techniques, investigating
molecular-level mechanisms and identifying predictive bi-
ological biomarkers alongside targeted therapies have be-

come promising directions to optimize therapeutic strate-
gies and improve long-term outcomes.

All individuals possess a range of genetic variations
that are nearly completely randomized, some of which in-
fluence biological traits. By applying statistical approaches
such as Mendelian Randomization (MR) to trace the ef-
fects of instrumental variables, it is possible to deduce the
generally complex relationships between the explanatory
and dependent variables [4]. The combined application of
genome-wide association studies (GWAS) and MR offers
a novel strategy for screening potential therapeutic targets
for breast cancer [5]. MR, as a causal inference method
leveraging genetic variants as instrumental variables, eluci-
dates etiological relationships between exposures and out-
comes, thereby facilitating the translation of epidemiolog-
ical findings into precision oncology [6]. Through the in-
tegration of statistical methodologies, including causal in-
ference and colocalization analyses, the underlying mecha-
nisms of breast cancer can be clarified [7]. In this study,
we combined protein quantitative trait loci (pQTL) data
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Fig. 1. Flowchart illustrating the proteome-wide identification of novel therapeutic target proteins for breast cancer using

Mendelian Randomization analysis. SNP, single-nucleotide polymorphism; pQTL, protein quantitative trait loci; GSTM, glutathione

S-transferase mu.

with the FinnGen database to identify target proteins with
potential applications in drug development for breast can-
cer. Moreover, we employed a comprehensive analytical
framework, including colocalization, summary-data-based
Mendelian Randomization (SMR), and mediation MR, to
demonstrate the causal relationship of GSTM and breast
cancer, as well as its prognostic value. Moreover, it un-
derscored the pivotal role of metabolic-immune crosstalk
in breast cancer pathogenesis, highlighting its significance
for future therapeutic exploration.

Methods

First, we downloaded pQTL data and breast cancer
data and then filtered cis-pQTLs for further analysis. Next,
we performed MR analysis based on these cis-pQTLs to
screen target proteins. Colocalization analysis and SMR
were applied for further validation. Moreover, this study
employed mediation MR to systematically explore poten-
tial mechanisms of breast cancer based on publicly acces-
sible proteomic and genomic databases, as well as the role
of immune cells. The multi-stage investigation workflow,
encompassing genetic instrumental variable selection, colo-
calization analysis, and clinical value exploration, is pre-
sented in Fig. 1. All datasets used in this study had under-
gone formal institutional review board approvals and ob-
tained informed participant consent in their original study
contexts.

Data Collection and Instrument Selection for MR

The pQTL data were sourced from the Decode
(https://www.decode.com/summarydata/) [8]. Genotype
data were obtained from FinnGen to provide novel insights
into the genetics of breast cancer. Preliminary screen-
ing focused on breast cancer-associated proteins, with
breast cancer itself as the outcome rather than molecular
subtypes. GWAS summary statistics for breast cancer
were obtained from the FinnGen Research Project (R11),
comprising 20,586 patients and 201,494 controls (https:
//storage.googleapis.com/finngen-public-data-r1 1/summ
ary stats/finngen R11 C3 BREAST EXALLC.gz).
GWAS data of immune cell traits (Ebi-a-GCST0001391
to Ebi-a-GCST0002121), encompassing 731 traits, were
retrieved from the publicly available GWAS Catalog
(https://gwas.mrcieu.ac.uk/) [9]. This dataset captured the
effects of 22 million genetic variants in 3757 Sardinian
individuals and included several immune cell types: T
cells, B cells, dendritic cells, and myeloid cells, among
others. Quantitative analysis of these 731 traits revealed
distinct measurement categories applicable to pharma-
ceutical research and expanded the spectrum of immune
cell-related features, as well as the cellular relationship
between immunity and the risk of disease.

Using the “TxDb.Hsapiens.UCSC.hg38 knownGene”
package, our selection criteria prioritized cis-acting pQTL
variants (located within £1000 kb of transcription start
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sites) to enhance biological feasibility. Variants meeting
the following screening criteria were chosen as instrumen-
tal variables (IVs). First, we incorporated single-nucleotide
polymorphisms (SNPs) that achieved genome-wide signif-
icance (p < 5 x 107%). When no sufficiently significant
SNPs were available across the genome that could serve
as IVs, slightly less stringent thresholds (p < 1 x 1079)
were considered. Second, the F-statistic, which quanti-
fies the joint ability of genetic instruments to explain ex-
posure variance, was set at a minimum threshold of 10 to
reduce bias from weak instruments. Third, linkage dise-
quilibrium (LD), representing the non-random association
between different SNPs and potential confounders in MR
analyses, was accounted for using a clumping approach (r2
< 0.01 and clumping distance = 10,000 kb). Harmonization
was performed using the “Two Sample MR” R package to
align allelic effect directions of SNP instruments between
the exposure and outcome datasets.

Mendelian Randomization and Validation

We aimed to identify the potential mechanisms of the
selected proteins in breast cancer risk, focusing on results
derived from the Inverse Variance Weighted (IVW) method
as the primary analytical approach. Bidirectional MR anal-
yses were first conducted to explore the causal relationship
between the proteins and breast cancer. Unless otherwise
stated, the MR results reported in this study were based on
IVW. MR findings were presented as beta estimates with
standard errors and odds ratios (OR) with 95% confidence
intervals (CI). However, since we selected cis-pQTLs, there
were insufficient SNPs for the exposure in reverse analysis.
To further assess underlying mechanisms, we employed a
two-step MR to perform mediation analysis, aiming to eval-
uate the potential role of immune cells as intermediaries in
the causal pathway connecting the target protein to breast
cancer risk. The effects of each target protein on breast can-
cer were divided into two components: direct effects caused
by the target protein and indirect effects mediated through
immune cells. First, we computed the causal effect of each
target protein on immune cells (51), followed by the causal
influence of immune cells on breast cancer (52). The me-
diation effect was calculated as 51 x (32, and its proportion
relative to the total effect was expressed as (mediation ef-
fect / total effect) x 100%, with 95% Cls provided.

MR analyses were conducted using the R packages of
“Two Sample MR” and “Mendelian Randomization” in R
software (version 4.3.1, R Foundation, Vienna, Austria).
MR-Egger regression was used to assess and adjust for
bias caused by heterogeneity. Heterogeneity was evalu-
ated using Cochrane’s Q-test, with smaller p-values indicat-
ing greater heterogeneity and a higher likelihood of direc-
tional pleiotropy. Leave-one-out analyses were conducted
to identify potential SNP outliers. Ambiguous or duplicate
SNPs were removed, and alleles were mapped to the human
genome reference sequence (build 37).

MR Validation Based on Colocalization Analysis and
SMR

Colocalization and SMR analyses were used to as-
sess causal relationships between genes and breast cancer.
Firstly, concordance between protein levels and breast can-
cer risk was evaluated through colocalization analysis to en-
sure that observed associations were not confounded by un-
derlying genetic factors. A Bayesian test was performed on
the preliminary results (selected proteins) using the “coloc”
R package. To avoid unstable estimates due to rare vari-
ants, SNPs with minor allele frequency (MAF) <0.05 were
excluded. For colocalization analysis, we used SNPs asso-
ciated with pQTL and breast cancer (p < 5 x 1076). The
Posterior Probability of Haplotype (PPH) was a key metric
in colocalization analysis, representing the posterior prob-
ability that two traits share a causal variant. PPH was cat-
egorized into five classes: PPHO: no association with ei-
ther trait; PPH1: associated only with protein expression;
PPH2: associated only with disease risk; PPH3: associated
with both traits but at different loci; PPH4: associated with
both traits sharing the same causal variant. Commonly ap-
plied thresholds included PPH3 + PPH4 >0.7, indicating
a high probability of colocalization, and PPH4 >0.5, indi-
cating a high probability of a shared causal variant. Given
the limited data from cis-pQTLs, a more lenient threshold
was applied, and variants with PPH3 + PPH4 >0.5 or PPH4
>0.2 were selected for further investigation.

The causal relationship between potential protein ex-
pression and breast cancer was further validated using the
online SMR software tool (https://yanglab.westlake.edu.c
n/software/smr/#DataResource) [10]. To improve the relia-
bility, the Heterogeneity in Dependent Instruments (HEIDI)
test was applied. Associations with pygp; < 0.05 suggested
potential pleiotropy and were therefore excluded.

Single-Cell Analysis and Clinical Value

Single-cell transcriptomic data were obtained from the
GEO database (https://www.ncbi.nlm.nih.gov/geo/query/a
cc.cgi?acc=GSE205472), specifically dataset GSE205472.
The sequencing data of 13 breast cancer tissue samples
(GSM6213322-GSM6213334) were integrated and pro-
cessed using the “Seurat” R package. After normalization
with the LogNormalize method and correction for batch ef-
fects, the cells were clustered into 25 subpopulations and
annotated based on known marker genes. Clusters were vi-
sualized using T-distributed stochastic neighbor embedding
(T-SNE) as implemented in Seurat. The FindAllMarkers
function was applied to compare gene expression levels be-
tween cell populations, performing differential expression
analysis for each subpopulation. A gene was considered
expressed if present in at least 25% of cells. Marker genes
were defined by an average LogoFC >0.5 and a false dis-
covery rate (FDR)-adjusted p-value < 0.05.

To evaluate gene expression and clinical significance
in breast cancer (BRCA), we used the UALCAN web por-
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tal (http://ualcan.path.uab.edu), a comprehensive resource
for exploring The Cancer Genome Atlas (TCGA) transcrip-
tomic and clinical datasets [11]. The Promoter Methyla-
tion module was also utilized, analyzing average ( val-
ues from the Illumina Infinium HumanMethylation450
(HM450) platform, where 5 = 0 indicates unmethylated and
B =1 indicates fully methylated states for CpG islands in
promoter regions of selected genes.

For survival analysis, breast cancer patients were di-
vided into high- and low-expression groups based on the
median expression value of the target gene, and Kaplan-
Meier survival analyses were performed using the KM-
Plotter platform (https://kmplot.com/analysis/) [12].

To assess therapeutic potential, target genes were sub-
mitted to the Drug Signatures Database (DSigDB, http://ds
igdb.tanlab.org/DSigDBv1.0/) for evaluating protein-drug
interactions [13]. This evaluation of the interactions be-
tween pharmaceuticals and proteins was essential in de-
termining whether the identified proteins could be effec-
tively applied. Additionally, the genes were uploaded to the
Enrichr platform (https://maayanlab.cloud/modEnrichr/) to
predict potential drugs that may target these proteins [14].

Results

Proteomic Analysis and Identification of Breast
Cancer-Related Proteins and Mediated MR

We identified 4706 proteins from cis-pQTL data. Af-
ter eliminating linkage disequilibrium, 1614 proteins met
the criteria for further analysis. Using rigorous statis-
tical methods, including the IVW approach and Bonfer-
roni correction, our study identified significant associa-
tions between breast cancer risk and 13 plasma proteins
(p < 3.1 x 1075, 0.05/1614), as shown in Table 1 and
Supplementary Table 1. These proteins included preg-
nancy zone protein (PZP), glutathione S-transferase mu
(GSTM) 3, semaphorin 4D (SEMA4D), proenkephalin
(PENK), N-acylsphingosine amidohydrolase 2 (ASAH2),
TNF superfamily member 12 (TNFSF12), MY C-associated
factor X (MAX), hematopoietic prostaglandin D syn-
thase (HPGDS), GSTM1, nidogen 2 (NID2), snurportin 1
(SNUPN), GSTM4, and uroporphyrinogen decarboxylase
(UROD).

Among these, higher levels of PZP, GSTM3, GSTMI,
SNUPN, and GSTM4 were associated with a reduced risk
of breast cancer, whereas elevated levels of SEMA4D,
PENK, ASAH2, TNFSF12, MAX, HPGDS, NID2, and
UROD were associated with an increased risk. These
findings were consistent across weighted mode, weighted
median, and MR-Egger analyses. Except for PENK, the
Dpleiotropy Of all other proteins was >0.05. However, het-
erogeneity analysis revealed p-values < 0.05 for GSTM3,
SEMA4D, ASAH2, HPGDS and GSTM4 (Supplementary
Table 2). We speculated that such heterogeneity might
be due to inconsistent effects among I'Vs (e.g., population
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Table 1. Mendelian Randomization (MR) results for proteins
significantly associated with breast cancer.

Protein OR (95% CI) p-value IVW) Mean F-statistic
PZP 0.941 (0.922-0.959) 7.27 x 10~10 207.668
GSTM3  0.936 (0.917-0.957) 1.41 x 10~° 155.700
SEMA4D 1.065 (1.042-1.089) 2.29 x 10—8 316.588
PENK 1.058 (1.036-1.08) 132 x 10—~ 217.975
GSTMI1  0.954 (0.936-0.971) 3.14 x 10~7 200.089
NID2 1.056 (1.035-1.078) 1.99 x 10~ 7 184.011
ASAH2  1.059 (1.036-1.082) 2.80 x 10~7 276.406
TNFSF12 1.147 (1.086-1.212) 9.95 x 10~7 182.053
UROD 1.146 (1.082-1.213) 2.98 x 10~6 108.871
SNUPN  0.791 (0.715-0.875) 4.83 x 10~6 73.432
MAX 1.203 (1.107-1.308) 1.46 x 10~° 82.173
HPGDS  1.057 (1.031-1.084) 1.75 x 10~° 317.017
GSTM4  0.960 (0.941-0.978) 2.77 x 10~° 191.560

OR, odds ratio; CI, confidence interval; PZP, pregnancy zone pro-
tein; GSTM, glutathione S-transferase mu; SEMA4D, semaphorin
4D; PENK, proenkephalin; ASAH2, N-acylsphingosine amidohy-
drolase 2; TNFSF12, TNF superfamily member 12; MAX, MYC-
associated factor X; HPGDS, hematopoietic prostaglandin D syn-
thase; NID2, nidogen 2; SNUPN, snurportin 1; UROD, uropor-

phyrinogen decarboxylase.

stratification or differences in breast cancer subtypes). Due
to the limited number of protein-associated SNPs, reverse
MR analysis did not yield significant results.

We further applied multivariable MR (MVMR) to
identify immune cells that could independently influence
breast cancer and computed the mediated effects and pro-
portions of immune cells in the causal pathway between se-
lected proteins and breast cancer. After screening, “CD11c
on monocyte” was found to mediate the association be-
tween GSTM1 and breast cancer, with a mediation pro-
portion of 9.5% (p = 0.028), as well as between GSTM4
and breast cancer (mediating effect: 12.1%, p =0.026) (Ta-
ble 2). No significant immune mediators were identified for
other proteins affecting breast cancer, including HPGDS,
MAX, and TNFSF12.

Confirmation of Therapeutic Protein Targets by
Colocalization Analysis and SMR Analysis

To validate the role of GSTM in breast cancer, we
applied colocalization analysis and SMR for further anal-
ysis. Colocalization analysis linked multiple SNPs to two
different traits, while data filtering was used to remove low-
quality SNPs that might influence outcomes. The p-value
threshold for SNPs associated with proteins and breast can-
cer was set at <5 x 1075, Based on colocalization analysis,
we confirmed shared genetic variants associated with breast
cancer risk (Fig. 2).

Among the 13 potential causal proteins identified
through genome-wide proteome MR analysis, three pro-
teins (GSTM3, PZP and UROD) were excluded from colo-
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Table 2. Mediated Mendelian Randomization (MR) assessing immune cell mediation between GSTM expression and breast

cancer.

cis-pQTL Mediator nSNP B _all B1 B2 B_dir SE Z p-value
GSTMI CDl1c on monocyte 138 —0.0476  —0.0699 0.0693 —0.0427 0.0022 -2.197  0.028
GSTM4 CDl1c on monocyte 137  -0.0413 -0.0723  0.0693 —0.0363 0.0022 -2.229  0.026

SNP, single-nucleotide polymorphism.

calization analysis due to the absence of overlapping SNPs
with MAF >0.05 and inability to construct an LD matrix for
the target region. In most cases, the colocalization posterior
probability (PP.H4.abf) was below 0.8, reaching only 0.341
in HPGDS, thus failing to reach statistical significance.
This suggested a possible but inconclusive likelihood of
shared causal variants between proteins and breast cancer.
However, unidirectional association evidence (PP.H1.abf)
was relatively strong in most cases, typically exceeding
0.7, with the highest reaching 0.95 (TNFSF12), indicat-
ing a high likelihood of protein influence on traits, imply-
ing they may directly affect breast cancer through specific
mechanisms. Additionally, independent association evi-
dence (PP.H3.abf) demonstrated a modest degree of proba-
bility in some proteins, such as HPGDS and GSTM4, reach-
ing 0.23 and 0.25, respectively. Notably, GSTM1, HPGDS,
and ASAH?2 exhibited the highest PPH4 values, indicating
a higher probability of shared causal variant between pro-
tein levels and breast cancer risk (Supplementary Table
3). The no-association evidence (PP.H0.abf) was near zero
in all results, further supporting a potential association be-
tween genes and breast cancer.

Overall, while colocalization evidence was insuffi-
cient to establish strong causality, unidirectional associa-
tion evidence supports the hypothesis that these genes may
influence breast cancer. Given our focus on cis-pQTL,
we further applied SMR for validation. SMR results indi-
cated that several SNPs showed statistically significant as-
sociations with gene expression, though further specificity
validation is required. For example, SNP rs145858840
of GSTM1 showed a significant association with gene ex-
pression but nonsignificant colocalization (psyr = 0.02 and
puemr = 0.08, Supplementary Table 4), suggesting an in-
dependent association. Similarly, rs11101980 significantly
influenced GSTM4 expression (pHEID[ = 0064, PSMR =
0.124), indicating a possible colocalization gap that war-
rants further investigation (Supplementary Table 4). In
summary, our findings suggest that GSTM acts as a protec-
tive factor in the progression of breast cancer. Therapeutic
strategies targeting GSTM may offer a novel and effective
approach to reducing breast cancer risk.

Investigation of Potential Mechanisms

The two-step MR analysis investigated the causal rela-
tionship and potential mechanisms linking GSTM to breast
cancer. Volcano plots showing the phenotypic effects of tar-
get proteins, including GSTM1/3/4, ASAH2 and HPGDS,
are presented in Fig. 3A. Based on immune cell associations
with breast cancer, CD11c expression showed a positive ef-
fect on monocytes in relation to breast cancer. The results
indicated that CD11c on monocytes served as an interme-
diary in the causal pathway between GSTM1/4 and breast
cancer (p = 0.028, p = 0.026, respectively).

We further investigated the cell-type-specific expres-
sion of GSTM-coding genes in breast cancer tissues using
single-cell transcriptomics. Analysis of the GSE205472
scRNA-seq dataset, following rigorous quality control and
normalization, identified key cell populations within the
breast cancer tumor microenvironment (TME) using princi-
pal component analysis (PCA) for dimensionality reduction
and Louvain clustering, annotated according to the Human
Primary Cell Atlas (HPCA). Major populations included
tumor epithelial cells, fibroblasts, T cells, macrophages,
monocytes, B cells, NK cells, tissue stem cells, and en-
dothelial cells, exhibiting distinct spatial heterogeneity in
t-SNE visualization (Fig. 3B).

Notably, analysis of GSTM1 and GSTM4 expres-
sion across cell populations revealed distinct expression
patterns.  Although GSTM1 expression was relatively
low (Fig. 3C), both GSTM1 and GSTM4 were pre-
dominantly expressed in epithelial cells, aligning with
their established roles in detoxifying electrophilic com-
pounds. Immune cells, particularly myeloid populations
such as macrophages, demonstrated lower expression lev-
els of GSTM1 and GSTM4 compared to epithelial cells
(Fig. 3C,D).

Identification of GSTM1 Expression and Clinical
Value in Breast Cancer

The clinical significance of GSTM requires further
investigation. Differential expression analysis compared
GSTM1/GSTM4 mRNA expression [RNA-seq data, log-
transformed Transcripts Per Million (TPM) values] be-
tween tumor samples (n = 1097) and adjacent normal breast
tissue samples (n = 114) from TCGA BRCA. Statistical
significance was assessed using UALCAN’s built-in Stu-
dent’s t-test (Fig. 4A,B). Methylation 5 values were com-
pared between primary tumors (n = 793) and normal sam-
ples (n = 97) (Fig. 4C,D). Transcriptional downregulation
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Fig. 2. Colocalization analysis of gene-breast cancer associations. Posterior probabilities for five hypotheses: HO, no association

between the gene and breast cancer; H1, the gene influences the trait; H2, the trait influences the gene; H3, the gene and the trait are

independently associated; H4, the gene and the trait colocalize, sharing a causal variant. A posterior probability (PP) value closer to 1

indicates stronger support for the corresponding hypothesis.

of GSTM4 and promoter hypermethylation of GSTMI1 and
GSTM4 were significantly associated with breast cancer.
Analysis of TCGA breast cancer data revealed a marked
reduction in GSTM4 mRNA expression in BRCA com-
pared to normal tissue (p < 0.001), with distinct expres-
sion patterns across molecular subtypes. GSTM1 expres-
sion was significant lower in triple-negative breast can-
cer (TNBC) compared to normal and luminal subtypes (p
< 0.001) (Fig. 4E). For GSTM4, no statistically signifi-
cant difference was observed between normal and lumi-
nal groups, though average expression in the normal group
was relatively higher (Fig. 4F). This transcriptional sup-
pression was strongly linked to promoter hypermethylation,
with significantly elevated S values in tumor tissues com-
pared to normal (GSTM1: Buumer = 0.53 vs. Buormar = 0.21,
p < 0.001; GSTM4: Bumor = 0.38 vs. Buormar = 0.37, p
=0.03). Notably, low expression of either gene predicted
significantly worse overall survival (Fig. 4G,J, GSTMI:
HR = 0.56, 95% CI: 0.44-0.7, p < 0.001; GSTM4: HR
= 0.53, 95% CI: 0.43-0.67, p < 0.001). Subgroup anal-
ysis indicated the association between low-expression of

GSTM1/4 and poor prognosis in Luminal-subtype, high-
lighting its protective value (Fig. 4H,K). Conversely, within
the TNBC, a statistically significant association was ob-
served in GSTM1 (p = 0.0014) (Fig. 4LLK,L). These find-
ings strongly implicate epigenetic silencing of GSTM1 and
GSTM4 as a key mechanism contributing to breast cancer
pathogenesis and progression, supporting their potential as
biomarkers for aggressive disease and unfavorable patient
outcomes. To evaluate the GSTMI1 as a potential thera-
peutic target, drug-gene interaction analysis using DSigDB
drug database identified several associated compounds, in-
cluding suloctidil (CTD 00006994), Tamibarotene (CTD
00002527), and Decitabine (CTD 00000750) (Table 3).

Discussion

Despite recent advances in anti-cancer therapies,
breast cancer continues to significantly impair the quality
of life for patients. Current treatments remain relatively
ineffective, and deeper mechanistic insights are still lack-
ing. Therefore, identifying novel therapeutic targets for
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breast cancer is crucial. Our study integrated proteomic
data with bidirectional MR, mediation MR, and Bayesian
colocalization to identify therapeutic proteins implicated
in breast cancer. Among the identified candidates, PZP,
GSTM3, SEMA4D, PENK, ASAH2, TNFSF12, MAX,
HPGDS, GSTMI, NID2, SNUPN, GSTM4 and UROD,
demonstrated potential therapeutic relevance.

Genetic insights have transformed drug discovery,
with genetically validated targets demonstrating greater
success in anti-cancer therapy development. Through sys-
tematic MR and colocalization investigations, we con-
firmed multiple proteins associated with breast cancer eti-

ology, supporting their potential as therapeutic candidates
based on robust genetic evidence. Notably, we highlighted
GSTM, especially GSTM1, as a promising therapeutic in-
tervention. Further analysis is warranted to ensure the re-
liability of these findings and to explore new therapeutic
avenues.

Due to metabolic disturbances and oxidase activa-
tion, cancer cells generate elevated levels of reactive oxy-
gen species (ROS). Furthermore, tumor-induced oxidative
stress limits immune function and reduces the efficacy of
immunotherapies [15]. In addition to protecting against
oxidative stress and detoxifying harmful substances, glu-
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Table 3. Candidate drug predicted to target GSTM1 using the Drug Signatures Database (DSigDB).

Drug p-value  Adjusted p-value  Odds ratio Combined score ~ Genes
Suloctidil 0.000 0.000 23.082 669.299 GSTM1
Arsenenous acid 0.000 0.026 3.234 31.422 GSTM1
Tamibarotene 0.000 0.031 4.365 39.772 GSTM1
Trichostatin 0.000 0.079 4.037 31.703 GSTM1
Decitabine 0.001 0.079 2.545 19.225 GSTM1
Vorinostat 0.001 0.079 3.844 28.786 GSTM1
Apocarotenal 0.001 0.092 10.589 76.004 GSTM1
Midecamycin 0.001 0.133 5.411 36.162 GSTM1
Demecolcine 0.001 0.133 3.004 19.728 GSTM1
Captopril 0.002 0.139 6.295 40.357 GSTM1

tathione S-transferases (GSTs) facilitate their conjugation
to glutathione [16]. Deficiency of GSTs compromises the
ability to efficiently manage oxidative stress, as these en-
zymes utilize glutathione to alleviate ROS-induced damage
[17].

In addition to its traditional roles, GSTM showed anti-
tumor activity that warrants further investigation, especially
in breast cancer. Immunotherapy, an essential strategy
in breast cancer treatment, faces challenges due to lim-
ited efficacy in certain patient populations [18]. Our study
illuminated potential interactions between GSTM1/4 and
the tumor-associated immune microenvironment (TIME).
While TIME serves as a source of therapeutic targets, it can
act as both an ally and an adversary to anti-cancer therapies
[19].

Single-cell analysis revealed GSTM1/4 enrichment in
fibroblasts and epithelial cells, highlighting its potential
role in shaping the tumor microenvironment. Mediation
MR analysis showed that CD11c on monocytes mediated
the causal relationship between GSTMI1 and breast can-
cer. Based on the single-cell analysis results, GSTM1 and
GSTM4 did not exhibit significant distinctive expression in
monocytes but instead showed low or suppressed expres-
sion in monocytes and other immune cells. These findings
suggest that the primary function of GSTM1/4 may not de-
pend directly on monocytes but rather on their high expres-
sion in epithelial cells and fibroblasts.

CDlIc is a specific marker for monocytes and den-
dritic cells (DCs), typically associated with antigen presen-
tation and immune responses [20]. Research has shown that
macrophage aggregation and inflammation in adipose tis-
sue are modulated by nuclear factor-xB (NF-xB) activa-
tion and toll-like receptor-4 (TLR4)-mediated stimulation
of macrophages, alongside c-Jun N-terminal kinase (JNK)-
related pro-inflammatory pathways in CD1lct immune
cells [21]. CDI1lc™ monocytes may alter the tumor mi-
croenvironment by activating these pro-inflammatory sig-
naling pathways (NF-xB, JNK). In combination with the
mediation MR results, CD11c appears to mediate the re-
lationship between GSTM1/4 and breast cancer. Collec-
tively, these findings indicate that GSTM1/4 functions may

depend not only on the cell types in which they are di-
rectly expressed but also indirectly influence breast cancer
development through modulation of the TIME. Silencing
of GSTM1/GSTM4 in specific cellular subpopulations may
represent a novel mechanism underlying breast cancer pro-
gression, resistance, and immune evasion.

Although mRNA expression of GSTM1 did not show
significant differences, we observed a significantly de-
creased expression of GSTM4 between breast cancer and
normal tissue. Furthermore, we compared promoter methy-
lation levels of these proteins in breast cancer. The results
indicated a notably higher level of methylation in GSTM
within breast cancer tissues, alongside altered patterns of
gene methylation. DNA methylation abnormalities are of-
ten observed in cancer cells, including overall hypomethy-
lation and hypermethylation at specific sites, particularly
within the CpG islands related to gene regulation, which
may help explain these findings [22].

The discordance between GSTMI1 protein effects
on breast cancer risk and the absence of significant
mRNA associations in breast tissue could indicate post-
transcriptional regulation mechanisms influencing GSTM 1
activity, such as protein stability, post-translational mod-
ifications, or tissue-specific translational efficiency, rather
than transcriptional control alone. Moreover, survival anal-
ysis demonstrated that both GSTM1 and GSTM4 play a
protective role in breast cancer, with higher expression
correlating with improved outcomes, particularly evident
in TNBC based on subgroup analysis. While we utilized
TCGA data to explore the prognostic value of GSTM1/4
and methylation, external validation in independent, large-
scale cohorts with protein-level and clinical data from real-
world settings is needed.

Overall, our findings demonstrate that the expression
of GSTM1/4, combined with their significantly elevated
methylation levels in breast cancer, provides novel insights
into the mechanisms underlying immune evasion. These
proteins, potentially regulated by hypermethylation, may
experience functional disruption, thereby contributing to
breast cancer progression and the development of therapeu-
tic resistance. Additionally, the loss of GSTM1/4 function
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may alter the TIME, potentially impairing immune cell ac-
tivity. These findings underscore the significance of inves-
tigating the functional and regulatory networks of GSTM1
and GSTM4 in breast cancer, which could pave the way for
the development of personalized therapeutic strategies tar-
geting epigenetic regulation and tumor immunity.

Our study has several limitations. First, the GWAS
data utilized in our analysis were derived from large-scale
sequencing studies across diverse cohorts, and variations
in study protocols may have introduced bias. Second, the
data were primarily derived from European populations,
limiting the generalizability of our findings to other racial
groups. Further studies in non-European populations are
necessary to understand the potential clinical applications
of these promising targets. Third, a key limitation was the
lack of analysis stratified by breast cancer subtypes. Future
studies utilizing larger, subtype-specific genomic resources
are essential, alongside extensive population-based valida-
tion to validate these results.

Conclusion

A comprehensive investigation identified significant
correlations between breast cancer susceptibility and the
expression of several proteins, with GSTM, particularly
GSTMI, emerging as a critical factor. By establishing a ge-
netic foundation for these potential therapeutic candidates,
our work contributes to the development of more precise
and effective breast cancer treatments, paving the way for
innovative approaches in anti-cancer therapy. As multiple
proteins demonstrate suggestive associations, GSTM1/4
are prioritized for further experimental and clinical valida-
tion.
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